Abstract Programmatic cost analyses of preventive interventions commonly have a number of methodological difficulties. To determine the mean total costs and properly characterize variability, one often has to deal with small sample sizes, skewed distributions, and especially missing data. Standard approaches for dealing with missing data such as multiple imputation may suffer from a small sample size, a lack of appropriate covariates, or too few details around the method used to handle the missing data. In this study, we estimate total programmatic costs for a prevention trial evaluating the Strong African American Families-Teen program. This intervention focuses on the prevention of substance abuse and risky sexual behavior. To account for missing data in the assessment of programmatic costs we compare multiple imputation to probabilistic sensitivity analysis. The latter approach uses collected cost data to create a distribution around each input parameter. We found that with the multiple imputation approach, the mean (95 % confidence interval) incremental difference was $2,149 ($397, $3,901). With the probabilistic sensitivity analysis approach, the incremental difference was $2,583 ($778, $4,346). Although the true cost of the program is unknown, probabilistic sensitivity analysis may be a more viable alternative for capturing variability in estimates of programmatic costs when dealing with missing data, particularly with small sample sizes and the lack of strong predictor variables. Further, the larger standard errors produced by the probabilistic sensitivity analysis method may signal its ability to capture more of the variability in the data, thus better informing policymakers on the potentially true cost of the intervention.
Introduction
Economic analyses of prevention programs are increasingly common. While economic analyses of drug abuse treatment are abundant and have been extensively reviewed (Bray and Zarkin 2006; Cartwright 1998 Cartwright , 2000 French 2000; French and Drummond 2005; Ruger and Lazar 2012; Schori 2011) , far fewer studies exist for drug abuse prevention (Guyll et al. 2011; Holder 2000; Mitchel et al. 1984; Pacileo and Fattore 2009; Pentz 1998; Plotnick 1994; Spoth et al. 2002 Spoth et al. , 2005 Swisher 2001; Swisher et al. 2004; Tricker and Davis 1988) . The accumulation of economic evidence is essential for policymakers to allocate scarce public resources across competing programs and interventions (Kellam and Langevin 2003; NIDA 2004; Popovici et al. 2008) . To achieve this goal, however, these analyses need to share a common methodology. Recognizing this, the Department of Health and Human Services convened a Panel on CostEffectiveness to form a common methodology for the conduct of such studies in medical settings (Gold et al. 1996) . Their report offers a standard framework for ensuring that economic analyses of different interventions measure programmatic costs in a consistent manner.
However, prevention research raises a set of issues that may fall outside the scope of the Panel's work, as they typically involve delivery of programs in multiple sites in a variety of settings. Clinical trials of medications and medical procedures involve multiple sites as well, but tend to contain tight regulations. In contrast, between-site variability in intervention costs may be rather large in preventive interventions. There are often differences in program costs between sites that depend upon ecological parameters. For example, in the assessment of the Family Connections program (Corso and Filene 2009) , the authors found that the provision of the child maltreatment prevention intervention to different populations and services delivered by different providers influenced programmatic costs across eight programs implemented nationally.
Even without significant ecological differences, one still might expect some level of variability within certain cost categories. Most behavioral interventions, including substance abuse prevention programs, rely heavily on personnel resources to implement the program (Pentz 1998; Spoth et al. 2002) ; therefore, personnel cost is typically a key category for capturing variability in programmatic costs. Alternatively, there may be a cost category where one would not expect differences between the program being evaluated relative to the status quo (or control), but differences artificially appear. These cases may have a significant impact on the incremental difference in costs between the program and its control and if not accounted for could lead to spurious results.
This between-site variation and variability within cost categories is of interest for several reasons. First, it is important for characterizing the "typical" site. Second, the variation in costs may reflect differences in intervention delivery or the population served. Third, the variation may be associated with differences in program impacts. When considered together, understanding variability may help policymakers and other interested parties better understand possible changes to the program.
Unfortunately, these differences in costs may reflect other factors as well, such as the quality and availability of budgetary and other administrative data. Cost analyses require collection of a wide range of cost categories (like space, materials, supplies, travel, training, etc.) and in the case of personnel costs, from a variety of individuals delivering the intervention. This reliance on individuals to agree to participate in the collection of costs or on well-kept administrative records often leads to missing data, causing difficulties when summing total programmatic costs. Before substantive issues shaping site differences can be explored, these differences must be understood and addressed. Otherwise, differences in the quality and availability of these data will confound differences due to substantive reasons.
Several technical challenges hinder efforts to calculate site-level costs and understand between-site variation. First, there are often few sites and statistical issues arise in relation to small sample sizes. While the central limit theorem maintains that sample means follow a normal distribution even when the underlying distribution does not, most statistical texts typically rely on a sample size of at least 30 to justify the theorem. As a result, a nonparametric method such as the bootstrap is often used to provide estimates of variability in these studies (Barlow et al. 2007; Doshi et al. 2006; Ettner et al. 2006; Rhiannon et al. 2007 ). Second, the underlying distribution of costs are commonly skewed, particularly when considering healthcare treatment costs (Briggs and Gray 1998; Rutten-van Molken et al. 1994) . For example, healthcare costs typically have a high number of zeroes and a right-skewed tail, resembling a lognormal distribution. However, when considering aggregate program costs rather than person-level costs, as is often the case with preventive interventions, skewed distributions are a less common issue.
Finally, cost analyses often times do not provide discussion around handling missing data, and when the information is provided, the details tend to be scarce (Sterne et al. 2009 ). For example, for some of the substance abuse literature, either the researchers' best estimate was used to deal with missing data (Jones et al. 2009; Salome et al. 2003a) or the researchers relied on a complete-case analysis (Jones et al. 2009; Woodward et al. 2008; Zarkin et al. 2004 ). According to Briggs et al. (2003) , many cost analyses use the available-case analysis, which does not allow standard statistical methods to be employed at the patient-level, even when data were collected in that way. Imputation is an alternative method for dealing with missing data, relying on other variables to estimate the missing values. Examples of imputation methods used within the economic evaluation of substance abuse intervention literature include (a) interpolation (Ettner et al. 2006) , (b) mean imputation (Mojtabai and Zivin 2003) , (c) hot-deck imputation (Salome et al. 2003a, b) , and (d) multiple imputation (MI) (McCollister et al. 2009 ). MI is an iterative imputation method that predicts missing data from all relevant existing data (Royston 2004; Schafer and Graham 2002) . MI includes a random component for each prediction to reflect the fact that each imputed value is an estimate (Brick and Kalton 1996) . Other imputation methods will tend to underestimate the variance around estimated values in subsequent statistical analyses by not taking into account the uncertainty involved when determining the "best" prediction of the missing value. Graham and Schafer (1999) found that using MI to deal with missing data performed as well as analyses with complete data for a sample size of 50 with missing data rates as high as 50 %. Barnes et al. (2006) also showed that MI analyses also performed reasonably well at sample sizes as low as 20. However, if a number of covariates (variables that correlate with the missing variable) or ecological parameters exist, a small sample size may restrict the number of parameters that can be included in the model. This is the case in many cost analyses of prevention programs, illuminating the potential need for an alternative method to MI in the presence of missing data.
Borrowing from methods typically recommended, and often times required, in economic analyses of health care interventions (Claxton et al. 2005; Drummond et al. 2005; Weinstein et al. 2003) , one such alternative is probabilistic sensitivity analysis (PSA) (Critchfield and Willard 1986; Doubilet et al. 1985; Mooney 1997; Thompson and Graham 1996) . PSA involves sampling key model parameter values from prior distributions assigned to these model parameters. These prior distributions may arise from the published literature, some known statistical distribution, or from empirically collected data, where some data may be missing. Monte Carlo simulation is the process of randomly selecting values for each model parameter to arrive at a single cost and/or effect estimate. This process is repeated a number of times, each with a new combination of parameter estimates to create a probability distribution of the cost (or outcome). Although this is a common method in healthcare treatment costing applications where variability occurs at the patient level (Andronis et al. 2009 ) as described above, to our knowledge no studies have applied this method to community-level prevention programs, specifically in the assessment of prevention programs targeting substance abuse.
In this study, we compare two methods for summarizing programmatic costs of an intervention designed to prevent substance abuse, where some missing data for key cost categories exist. We first provide a brief overview of the context of the present cost analysis. Second, we outline our description for the MI and PSA procedures. Finally, we compare the pros and cons of each method and make a recommendation for future prevention studies assessing programmatic costs with missing data.
Methods

Study Sample
The present cost analysis was conducted prospectively in conjunction with the Rural African American Families Health Project, an individually randomized group treatment trial (Pals et al. 2008) designed to test the efficacy of the Strong African American Families-Teen (SAAF-T) program, a program designed to prevent substance abuse and sexual risk behavior in a rural African American population. SAAF-T is a form of family skills training (Kumpfer and Alvarado 2003) , an approach that integrates individual adolescent skill building, parenting skills training, and family interaction training. It consisted of five weekly meetings held at community facilities. Each meeting included separate, concurrent training sessions for parents and youth, followed by a joint parent-youth session during which families practice the skills they learned in their separate sessions. SAAF-T is currently being evaluated with~500 families from rural communities in Central Georgia (Brody et al. 2012) .
Participating families were randomly assigned to either the SAAF-T intervention or an attention control intervention (ACI). Participants were then assigned to a site within their respective county with meetings on either a weekday or a Saturday, depending upon the family's availability. Although intraclass correlation can be an issue with an individually randomized group treatment design such as this, our cost analysis focuses on site and not participant level costs and thus is not an issue we need to address.
The ACI was developed to mirror the SAAF-T intervention in terms of intervention modality and length. Developed loosely from an educational series called FUEL (http://fuel. chef.org/), the ACI focused on healthy diet and exercise. Trial participants resided in six rural counties in Georgia selected based on their rural nature (>50 % of census tracks designated rural) and the number of African Americans living in the county (>20 %). Community liaisons, African American community members living in the same counties as the participants, contacted youth identified from public school lists of 10th-grade students. Liaisons sent letters to the families and made follow-up phone calls to the primary caregivers explaining the project and answering questions. Of the eligible families contacted, 79.4 % agreed to participate. Final study participants included 502 African American youth in the 10th grade and their primary caregivers. Table 1 outlines demographic characteristics for the 199 families who participated in the two rounds of the intervention covered by this cost analysis. The participant dyads (one caregiver and one teen) assigned to SAAF-T or the ACI were similar with no statistically significant demographic differences as expected in a randomized design.
Programmatic Cost Data Collection
The majority of the costs related to the delivery of the SAAF-T and ACI interventions were collected prospectively during two rounds of intervention delivery at 16 sites in the four counties. Effort was made to adhere to the best practice guidelines outlined in the literature (Foster et al. 2007; Haddix et al. 2003) . Program costs included in this analysis are personnel resources, non-personnel resources (site and ancillary services, supplies, equipment, and overhead), and participant costs. Costs were assessed at both the societal and provider perspectives. Societal costs include all costs, regardless of payer, needed to deliver the intervention and include the value of all resources expended, regardless if real or donated. Donated resources were valued at their commensurate market rate to reflect opportunity costs of their use. The provider perspective included only the value of real (not donated) resources required to deliver the intervention. Whenever possible, cost data were estimated from actual expenditures and not budget documents, as budgets oftentimes overestimate or underestimate the actual cost (Haddix et al. 2003) . Table 2 outlines the cost categories included in this study, the average cost per site, and indicates which categories were included in each study perspective. For facilitator and prevention supervisor time, site and ancillary services, facilitator transportation, and training categories, single point estimates were collected for each site. Some of these costs are a single site estimate, such as the amount paid to rent the building for the site, while other costs are an aggregate cost, such as the time spent making home engagement visits to each family by a facilitator. For all other costs, outside of participant costs, an aggregate cost was determined and a single estimate allocated to each site, such as the total CFR administrative time specific to SAAF-T for a specific round, allocated equally to each site in that round. All costs were collected in 2009 US dollars. The discount rate for amortizing costs spread over multiple rounds of the intervention was 3 %, based on guidelines from the US Panel on Cost-effectiveness in Health and Medicine (Gold et al. 1996) .
Personnel Resources
Personnel time was collected prospectively using time logs and surveys. Full-time administrative staff filled out daily logs while part-time personnel returned weekly logs. Facilitators were persons living in the communities who carried out the home engagement visits and led the intervention sessions. Facilitators were recruited to fill out weekly time logs; n026 (54 %) agreed to participate and completed the data collection process. There were no significant differences between facilitators choosing to participate and those choosing not to participate, based on range of experience or gender. Facilitators were supervised by a full-time administrative staff member who assisted with logistics and by a prevention supervisor, assigned to each group of facilitators. Prevention supervisors were experts in the intervention curricula and were assigned to provide regular support to each facilitator. Prevention supervisors were also asked to fill out time diaries at the end of each intervention round; n09 (56 %) participated. All research specific time was excluded from the final analysis and salaries including fringe benefits were used to determine the value of personnel resources.
Non-Personnel Resources
Non-personnel resources included site and ancillary services, supplies and equipment, overhead, and transportation-related costs. Inspection of site agreements and billing documents provided expenditure information for site rental costs, local site assistants, catering, childcare and transportation provided to families. For the societal perspective, donated space was valued at the market rate for that same or similar space. For the provider perspective, the value of donated sites was zero. Supply costs included the value of all materials provided to each site with cost estimation based on available receipts and internet searches for the items when receipts were not available. Travel costs were assessed using time logs and the conversion of personnel time to costs as described above. The provider perspective does not include all transportation time, only compensated time. The standard reimbursement rate for the state of Georgia at the time of intervention delivery ($0.585 per mile) was applied to all travel (SAO 2009). Overhead costs, for the general operations of the intervention administration, were split between SAAF-T and the ACI based on the intensity of time spent by the UGA administrative staff on intervention-related activities.
Participant Costs
The value of time spent participating in the program (identified through attendance records) encompasses the economic costs to participants, an important, yet often overlooked component of program costs. Caregiver time was valued using their reported wage rate or the minimum wage in Georgia, $6.55 per hour (GDOL 2007) , as a proxy for the value of time for a caregiver who either did not report their salary or reported being a non-wage earner. Teen time was also valued at $6.55 per hour, regardless of the family's monthly income. The mean (range) number of families for SAAF-T was 12.6 (5-17) and for ACI was 12.1 (9-15).
Analysis
This cost analysis included two models, MI and PSA, to determine the mean cost of the intervention and its subsequent variability. Both models created a total site cost that is the sum of the 36 cost categories, 11 of which had missing data. The construction of the site level costs provided the basis for how the two models differ. The first method, MI, imputed missing data for sites within each cost category and summed across categories for each site. The second method, PSA, used only the collected data (no imputation), created "modeled" sites by a random selection of costs from each category, and summed across categories for each modeled site.
Multiple Imputation (MI)
The missing values for each of the 16 sites were determined by MI, using the mi impute chained command in STATA (StataCorp 2011). The truncated regression method with a lower bound at zero was utilized rather than the traditional regression method to eliminate instances of imputed negative costs. MI is a valid method for dealing with these missing data because (a) no sites were missing all cost data, (b) all sites had complete covariate data, (c) the predictor variables were moderately correlated, and (d) the numbers of these predictors were never too large compared to the sample size. The overall rate of missing data for the 11 cost categories that required imputation was 0.375 (0.188-0.531, range by cost category). Missing data resulted from facilitators and prevention supervisors that did not agree to participate in the cost collection process. There were no statistically significant differences between the following parameters that identify the intervention facilitators (p-value from χ 2 test): first time as a facilitator (0.321), experience (0.336), home engagement lead (0.838), intervention lead (0.152), or leader of parent versus teen sessions (0.152). Univariate imputation of each cost category included the following covariates: a dummy variable signifying SAAF-T/ACI, whether or not groups met during the week or on the weekend, the number of families assigned to the group, facilitator experience, and a dummy variable signifying whether or not the facilitator was working at more than one site during that round. The facilitator experience and working multiple sites variables were only used when imputing facilitator time; the other covariates were used for imputing all of the variables. Furthermore, the reimbursed transportation costs, for which data were not missing, were strong predictors of the non-reimbursed transportation costs, and served as predictors for the transportation categories.
Resulting from the imputation procedure were N020 complete datasets from which total programmatic costs were determined. A comparison of statistics on key variables before and after imputation is available upon request of the authors. The small sample size (n08 sites) for each intervention arm makes normal theory methods, such as a Student's t-test and corresponding confidence interval, suspect as an estimate of variability. Instead, total programmatic costs were bootstrapped by resampling with replacement 10,000 times, the same choice for iterations made by Ettner et al. (2006) and a point beyond which successive iterations did not lead to appreciable changes in the mean. As a result, there are 20 values of the statistic of interest, one from each complete, imputed dataset. The mean and standard deviation of the bootstrap distribution provided estimates of the sample's mean and standard error, respectively (Efron and Tibshirani 1993) . The combination rules outlined by Rubin (1987) and implemented in STATA (Carlin et al. 2008) for combining results from a repeated analysis were utilized to determine an estimate for the mean cost of each intervention arm, the difference in cost between the two arms, and corresponding 95 % confidence intervals.
Probabilistic Sensitivity Analysis (PSA)
With the PSA approach for dealing with missing data, rather than imputation of missing data, the creation of modeled sites utilized only the collected cost data. Using a Monte Carlo simulation, the construction of each modeled site occurred through random selection of appropriate values for each cost category. The simulation randomly sampled from the array of costs in each cost category. The process was repeated a number of times to create a distribution of total site costs. We found that transportation costs, and to a lesser degree the site rental costs, were strongly biased toward sites in the control arm (i.e. transportation costs were larger for the ACI, narrowing the gap between the two interventions), yet there is nothing inherent in the interventions to suggest this bias. To correct for this bias, costs were selected from an array that includes collected costs from both programs for categories where there should not be a difference in cost between the two programs. For other cost categories, costs were selected from an array that includes collected costs from only the relevant program. The categories in Table 2 with totals included only under the "Combined" heading indicate categories for which costs were selected from an array including collected costs from both programs. Furthermore, we explored two different approaches for randomly selecting costs from each cost category, both based on empirical data. The first gave each value in the array an equal probability of being selected. The second selected from a bootstrap distribution of available values, converting the empirical values into a statistical distribution. To create the bootstrap distribution for each cost category, costs from the original array were sampled with replacement a large number of times and the mean value from each replacement is saved, creating the distribution. Following selection, total programmatic costs were determined for each modeled site in the same way as for the MI procedure, by summing across all cost categories. Table 2 includes a breakdown of the programmatic costs for the cost categories included in this analysis (based solely on collected costs). The major cost categories that had the largest impact on the total costs (SAAF-T, ACI) for either intervention arm were personnel time ($4,318, $3,655), site and ancillary services ($2,814, $2,791), transportation ($1,764, $1,764), and training ($2,997, $1,291). The overhead ($563, $504) supplies and equipment ($718, $694) categories provided smaller overall contributions to the total cost. Furthermore, the training costs provided the largest contribution to the incremental difference in costs, primarily through the intervention training. Personnel time also contributed significantly to the incremental difference with the largest difference between the intervention facilitators. Table 3 reports the MI results of total programmatic costs at the site level. The mean (95 % CI) total programmatic costs from the societal perspective for one site of SAAF-T was $16,251 ($14,792, $17,710) and $14,102 ($13,119, $15,085) for the ACI, resulting in an incremental difference of $2,149 ($397, $3,901) comparing SAAF-T to the ACI. Total programmatic costs from the provider perspective were roughly 20 % lower following the removal of participant and non-compensated travel time from the model. The mean total programmatic costs from the provider perspective for one site of SAAF-T was $13,478 ($12,641, $14,316) and $11,531 ($10,701, $12,360) for the ACI, resulting in an incremental difference of $1,948 ($777, $3,118) comparing SAAF-T to the ACI. Table 3 also reports the PSA results. For each intervention arm, 10,000 modeled sites were created via random selection of costs from all relevant cost categories. The choice for the number of iterations corresponds with the number used for handling variability at the site level. The 95 % confidence intervals arose from percentiles of the resulting distribution. The mean total programmatic costs from the societal perspective for one site of 405 ($13, 871, $19, 082) and $13, 854 ($11, 689, $16, 210) for the ACI, resulting in an incremental difference of $2,552 (−$949, $6,033) when comparing SAAF-T to the ACI. Similarly, when values were selected from a bootstrap distribution, total programmatic costs for SAAF-T were $16,419 ($14,987, $17,884) and $13,836 ($12,768, $14,924) for the ACI, resulting in an incremental difference of $2,583 ($778, $4,346) comparing SAAF-T to the ACI. Total programmatic costs from the provider perspective based on selection from a bootstrap distribution were $12,965 ($11,931, $13,935) and $10,558 ($10,114, $11,024) for SAAF-T and the ACI, respectively, a difference of $2,407 ($1,258, $3,476) .
Results
Discussion
The MI method produced a mean site difference in societal costs of $2,149. This estimate is over $400 less than that produced by the PSA method ($2,583) with selection from a bootstrap distribution. The PSA method created a distribution of modeled total site costs by selecting values for each cost category from an empirical prior distribution. To account for the artificial leveling of the incremental difference in costs, the prior distribution included costs collected from both SAAF-T and the ACI for cost categories whose values Table 3 Cost estimates for both the MI and PSA methods, including the mean, standard error (SE) and 95 % confidence interval (95 % CI) for the total programmatic costs and incremental difference between SAAF-T and ACI. MI method results are based on 20 imputation datasets and application of Rubin's rules (Rubin 1987) to determine the standard error. PSA method results are based on 10,000 simulations of the model using collected costs as a distribution for each key input parameter. were not explicitly dependent upon from which of the two interventions they were collected. For a category such as facilitator transportation, the few high values collected from the ACI sites, that also narrowed the incremental difference in the MI method, affected the result for the estimates of both SAAF-T and ACI "modeled sites" in the PSA method, rather than just for the ACI in the MI method. This inclusion should provide a better estimate of the true cost of the intervention for policymakers as the transportation costs were not specifically dependent upon the framework of either the SAAF-T or ACI interventions, but rather the framework of the Rural African American Health Project. As a result, the PSA method provided a larger incremental difference than the MI method. Furthermore, the greater standard errors ($1,760/$913 vs. $693) produced by the PSA method may signal its ability to capture more of the variability in the data, thus better informing policymakers on the potentially true cost of the intervention. Our experience collecting cost data from this prevention program, and another (Corso and Filene 2009 ) leads us to a number of recommendations for improving availability of all program cost data (thus avoiding the issues of missing data). First, program data such as personnel time, space and utilities, supplies and equipment, training, travel, and participant time and other costs should be collected prospectively. To capture all programmatic cost categories and personnel activities required for the prevention intervention, we recommend engaging administrative and intervention delivery personnel early in the study design process. Retrospective cost collection can be affected by poor record keeping and study design flaws that cannot be corrected. Second, collection of costs from multiple sites can be improved if one person is designated as the data collector across all sites. This allows for consistency in reporting and coordination of efforts. Third, the system for collecting time diaries from providers should be as user-friendly as possible. Interventionists delivering prevention programs are already working at capacity; thus, giving them an easy system for reporting their time will lessen their burden and ensure completion of the data collection process. Finally, we recommend additional compensation to providers for completing programmatic cost collection activities. These reimbursements should be handled separately by the researcher and outside of their regularly scheduled wages to ensure accuracy of reporting.
Policymakers need programmatic costs and the associated variability to allocate resources efficiently. Because federal funding has emphasized treatment, few data are available on the costs of substance abuse prevention programs (Andlin-Sobocki 2004; French and Martin 1996; Machado 2005) , even though the potential economic efficiency of well-developed prevention programs targeting substance abuse has been established (Miller and Hendrie 2008) . This study also addressed four of the Blue Ribbon Panel on Health Services Research's recommendations for priorities in economic analyses of prevention programs (NIDA 2004) . First, this study illustrates programmatic cost analysis conducted alongside an individually randomized group treatment trial of a substance abuse prevention intervention. Second, the SAAF-T program is specifically designed for rural African American youth, a particularly vulnerable population. Third, programmatic costs were accurately determined and properly delineated through the description of included cost categories and their collection, along with the categorical totals provided in Table 2 . Fourth, the comparison of analytic methods for handling variability in the presence of missing cost data could serve as a guide for other researchers conducting economic analyses alongside evaluation trials. Finally, the PSA method coincides well with French and Drummond (2005) who expanded on the Panel's recommendations, proposing greater incorporation of PSAs to better characterize uncertainty in economic evaluations of substance abuse related programs.
Limitations to the methods employed should be considered. First, the MI method is limited by having only a few well-correlated variables to guide the imputation, coupled with a relatively small sample. This situation is common for prevention and is an additional reason why the PSA method is viable. Second, with the PSA method, one cannot assign programmatic costs to individual participants in the intervention. Therefore, even if one had participant-level outcomes, many commonly used fully stochastic methods of analysis are impossible because both costs and outcomes cannot be tied directly to participants. Conversely, an important benefit of the MI method is the ability to take aggregate programmatic cost data and assign it to individual participants in the study. This is an important feature of fully stochastic CEA, whereby the assessment of the CEA ratio is based both on the variability of the participant level outcomes and the participant level costs. In non-clinical settings, however, outcomes are often not available at the participant level, leaving PSA as a valid method for determining incremental cost differences and confidence intervals for these types of interventions.
Despite the limitations, our analysis illustrates how a method uncommon in prevention work can be utilized to determine total programmatic costs and incremental differences in costs between programs. Furthermore, studies reporting programmatic costs, especially for prevention interventions, typically have either ignored missing data (performed analysis on complete cases only) or imputed the missing data without reporting enough information about the analysis. To better handle missing data, studies should consider the reporting recommendations of Sterne et al. (2009) as were followed in this study. Finally, to better characterize variability, prevention studies with smaller sample sizes and significant amounts of missing data should consider methods such as PSA.
